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ABSTRACT A third of the final electricity in the EU is consumed by households. The increased usage of
multiple electrical devices, electromobility, self-generation and consumption of electricity as well as work-
from-home will fundamentally change the residential electricity load profile, so a deep understanding of the
current state of residential electricity load profile modelling is necessary. The objective of this paper is to
perform a literature review, evaluate the current state of the residential electricity load profile modelling,
categorise the models, propose future research directions and applications, identify the challenges the
researchers face when building these models and offer possible solutions. Thirty two residential electricity
load profile models are identified and a new definition of the residential electricity load profile model is
proposed. A new categorisation system based on the identification of the main features of these thirty two
studies is introduced. Future research directions and applications are presented and the most important
challenges that modellers face when attempting to build such models are identified and discussed. The most
important challenge identified is the privacy concerns of the participants or potential participants. These
concerns are at least partially responsible for the existence of the rest of the challenges. The creation and
implementation of an anonymisation algorithm, before any human has access to any measured datasets,
the implementation of a crowd sourcing approach which addresses the privacy concerns of the citizens
and increased funding for the installation of privacy-proof smart-meters by the public and measurement
campaigns are identified as possible solutions to the challenges faced by modellers.
INDEX TERMS load modeling, demand forecasting, load management, smart homes, power demand,
electricity consumption, residential electricity load profile model, demand-side management, household
electricity load profile model, residential power demand
I. INTRODUCTION
MODERN societies use an ever increasing number ofelectric and electronic devices. At present, on aver-
age 19 % of a European nation’s energy is consumed by
household electrical devices such as smartphones, televi-
sions, gaming consoles, kitchen appliances, interior smart
heating, water heaters, smart appliances, virtual assistants,
interior and exterior lighting, and electric cars [19].
For decades research has heavily focused on power grid
load models. Such models include the total electricity de-
mand loads in the grid, from factories to small businesses,
street lighting, the electricity demand of electric buses, trams,
trains, household electricity demand and any and all other
sources of electricity demand in the grid. During all this
time it has been widely believed that residential load demand
(which focuses specifically on the electricity demand load
of households) does not vary strongly from house to house
regardless of the socio-economic circumstances of its inhab-
itants and the number of people living in it, whether it be a
single family house, an apartment or an apartment building.
Therefore, it could be easily predicted on a quarter-hourly
basis. As a result, the electricity providers of each country are
using a single electricity consumption profile (known as the
standard load profile (SLP)) to forecast the electricity con-
sumption profile of all the houses of the country [12]. Some
countries even use the same residential standard load profile,
e.g., Germany and Austria. The German standard load profile
(H0 SLP), which was created by the German Federal Associ-
ation of Energy and Water Management (Bundesverband der
Energie- und Wasserwirtschaft e. V. (BDEW)) [12] is also
used by the Austrian government regulator for electricity and
natural gas markets (Energie-Control Austria für die Reg-
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ulierung der Elektrizitäts- und Erdgaswirtschaft also know as
E-Control [18]).
Recent measurements of residential load profiles using
smart meters have shown that the residential load profile
is neither easily predictable nor easy to model because in-
dividuals use electricity-powered devices at different times
depending on their own individual schedules and lifestyles
[48]. As Stokes et al. [48] reported "Whilst some elements of
the demand (e.g. lighting during hours of darkness) are less
diversified, others (e.g. use of kettles or hobs) can be very
different from one consumer to another". This household
individuality means not only the presence of jumps and
troughs in the electricity consumption profile when a device
is turned On/Off, but also the presence of high levels of
temporal variability, especially for sampling rates higher than
15 minutes (which is the sampling rate of the H0 SLP [12]).
In the next decades, the residential load profile will change
radically due to the rise of electro-mobility, the surge in own-
ership of electricity-power devices, the projected increase of
the Earth’s population to 10 billion humans, the rise of new
social conditions (e.g. working from home) as well as the
self-generation and consumption of electricity through the
installation of photovoltaic panels on the external surfaces of
houses. In order to be able to study, understand and forecast
these changes, a solid understanding of the residential load
profile and its modelling in its present state is needed. At
the time of writing of this paper, there is only one review of
residential electricity load profile models, written by Grand
Jean et al. [23], but it only focused on bottom-up residential
electricity load profile models. A review of all the existing
residential load profile models is, hence, necessary.
This review paper aims to perform a literature review of all
the existing residential load profile models, assess the state of
the art, and answer the following questions:
1) What is the definition of the residential electricity load
profile model?
2) How can the existing residential electricity load profile
models be categorised?
3) What approaches have been used to model the residen-
tial electricity load profile?
4) What are the parameters commonly used in residential
load profile modelling?
5) What are the future research directions and applica-
tions of residential electricity load profile models?
6) What challenges do the researchers who build such
models face?
7) How can these challenges be overcome?
This paper will be of especially high interest to electrical
grid, demand side management and residential demand re-
searchers and engineers alike.
In Section II, a definition of the residential load profile
model is suggested and the methodology used in this review
is described. In Section III, the approaches presently used
to model the residential load profile are presented and a
new model categorisation system is suggested. In Section
IV, the parameter identification methods commonly used
in load profile modelling as well as the major residential
electricity loads and their categorisation are presented. In
Section V, future research directions and future applications
of residential electricity load profile models are presented. In
Section VI, the challenges that researchers face are presented
and in Section VII ways to address these challenges are
suggested. Lastly, the conclusions are presented in Section
VIII.
II. DEFINITIONS AND METHODOLOGY
A. DEFINITION OF A RESIDENTIAL LOAD PROFILE
MODEL
Before beginning the review, the term "residential load profile
model" must be defined. The first step is to define the
individual components of the term:
Residential: private residences, with no commercial us-
age, occupied by one or more persons either full-time or part
time during a calendar year.
Load: the electricity that all the electricity-powered de-
vices in the household consume in unit time.
Profile: a graph representing the significant features of the
electricity load over time.
Model: "a formal system that represents the combined pro-
cesses" [29] of electricity consumption by all the electricity
powered devices in a private residence/number of residences.
Because this review focuses on models that can reproduce
the residential load profile in a calendar day, demand-side
management electricity consumption models were generally
excluded unless they could reproduce the residential load
profile of a household for a minimum of one calendar day.
When the above definitions and limitations are combined
together, they produce the following definition of the resi-
dential load profile model:
The residential load profile model is a formal system
that can reproduce the combined electricity consumption
of all the electricity powered devices in a single/number
of private/non-commercial residences. The residence/s must
be occupied by at least one person for at least part of the
calendar year. The input data are parameters that characterise
the household, its occupants and their behaviour.
B. REVIEW METHODOLOGY
A literature survey revealed that different sectors, disciplines
and applications use different terms to refer to models that
fit the above definition. In order to collect all the relevant
studies on the subject, the following list of different keyword
combinations were used: load profile modelling, load profile
generation, end-use electricity consumption model, home
electricity consumption model, residential power demand
model, home power demand model, household electricity
load profile model, residential load profile model, domestic
electricity load profile model, end-use electricity load profile
model, NILM electricity consumption model, NILM load
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profile model, NILM electricity demand model, disaggre-
gation load profile model, disaggregation electricity con-
sumption model, disaggregation electricity demand model.
It is worth noting that no online search engine or database
exists that contains all the relevant publications. As a result,
literature searches in both the ISI Web of Knowledge and
Google Scholar were performed.
Both searches excluded all publications whose contents
did not fit the above definition. The Google scholar search
produced 25 relevant publications. The Web of Knowledge
the search produced a total of 28 relevant publications. It is
worth noting that the searches using the "end-use electricity
load model", "end-use electrical load model", "end-use elec-
tricity load profile", "NILM electricity consumption model",
"NILM load profile model", "NILM electricity demand
model", "disaggregation load profile model","disaggregation
electricity consumption model", "disaggregation electricity
demand model" keyword combinations did not return any
relevant results. By merging the two lists and eliminating
any duplicates, the total number of relevant publications
identified through the Google Scholar and Web Knowledge
search was 32.
The identified studies span the last four decades, with the
majority of them published after 2002 (the median year is
2009). The distribution of the publication dates can be seen
in Figure 1. As can be seen, this review reports the state-of-
the-art practices.
FIGURE 1: Distribution of publication dates of the col-
lected papers. The majority of the models were published
after 2002, with only four published between 1980 and 2002.
III. MODELLING APPROACHES
At present, residential load profile models are divided in
two categories: bottop-up and top-down models. In this
section, a new categorisation system is proposed based on
the identification of the main features of the thirty two studies
presented in the previous Section. These features are:
Method: This feature describes the methods used to build
a residential load profile model. For example, if the electricity
consumption of multiple devices in a household were used
to calculate the electricity consumption of the household,
then the model is assigned to the bottom-up model subgroup
whereas if macro-economic parameters were used to calcu-
late the electricity consumption of the household, then the
model is assigned to the top-down subgroup.
Sampling rate: This feature describes the finest grain
output that the model can generate. The output, rather than
the input, was chosen because models can have multiple
inputs with multiple sampling rates, but their outputs usually
have a single sampling rate. This considerably simplifies
the model comparison. So, a model that uses quarter-hourly
occupancy profiles as input to calculate the hourly electric-
ity consumption of a household is classified as having an
hourly sampling rate. However, if quarter-hourly occupancy
profiles were used to calculate the quarter-hourly electricity
consumption of a household, then the sampling rate would be
classified as quarter-hourly.
Application: This feature describes the model’s primary
intended application. If the output of the model or the
model itself was to be used in demand side management,
then the model is assigned to the demand side management
subcategory. However, if it was to be used for planning and
control design of energy systems and distributions grids, then
the model is assigned to the planning and control design of
energy systems and distributions grids subcategory. Lastly, if
a model’s only goal was to model the electricity consumption
of a single house or a group of houses, then it is assigned to
the residential load profiles subcategory.
Statistical techniques: This feature describes the main
statistical technique/s used to model the residential load
profile. If the main statistical technique used in a model was
the Markov Chain technique, then the model is assigned to
the Markov chain subgroup. If, on the other hand, a Monte
Carlo technique was used, then the model is assigned to the
Monte Carlo subgroup.
These categories together with their subcategories are pre-
sented below.
A. BASED ON THE METHOD
The most commonly used categorisation is the one based on
the method used to calculate the electricity consumption of
the household. Under this categorisation scheme, the models
have historically been divided into bottom-up and top-down
models. Recently, models who share characteristics with both
the bottom-up and the top-down subcategories have been
built to support demand side management. These models
cannot be placed in either category. Since the use of demand
side management technologies is expected to increase, a new
subcategory of "Hybrid models" should be introduced. The
three categories, with their characteristics, their advantages,
their disadvantages and the categorisation of each model are
presented below.
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1) Bottom-up models
Bottom-up residential load profile models "calculate the
individual dwelling energy or electricity consumption and
extrapolate these results over a target area or region" [49].
They are built by identifying the electricity consumption of
each appliance in a household, the household occupant’s
behaviour patterns, their related use of appliances and then
aggregating them together to produce the total household
electricity consumption profile.
Depending on the intended usage of the model, its input
data might also include the characteristics of the house (e.g.
size, layout, building materials), the weather conditions and
the heating/cooling characteristics of the house (when they
are electricity based). They can generate very detailed, single
household electricity load profiles which can be adjusted to
include or exclude appliances, include different device usage
patterns and include future technologies, such as new devices
with demand side management capabilities. As a result,
they can help identify the influence of individual households
or technology contributions to the electricity consumption
profile of a residential block and are imminently suited for
simulations investigating the effects of different technolo-
gies, policy decisions or energy optimisation techniques.
They can also be used for demand forecasting at the utili-
ties level. From there, they can then extrapolate the house-
hold electricity consumption profile to the village/city/federal
state/country level. By calculating the energy consumption
of groups of houses and then aggregating them, they can then
create a SLP [41]. This extrapolation is usually accomplished
by assigning a weight on each house or groups of houses.
The weight assigned depends on the number of houses it
represents [41].
The common procedure to develop a bottom-up model is
the following:
1) Step 1: Determine the micro-variables of the model,
i.e., the end-use equipment present in the household/s
(e.g., the electrical appliances, the electrical space heat-
ing and the electrical water heating)
2) Step 2: Determine the human activity patterns for
using these appliances from existing data (e.g., time
use data)
3) Step 3: Generate the individual load profiles of each
appliance of the household together with space and
water heating for a period of time ranging from one
day to several years
4) Step 4: Aggregate these individual load profiles from
a single or multiple households for a period of time
ranging from one day to several years
5) Step 5: Validate the model by comparing the simula-
tion results with measured data
Bottom-up models have three main advantages: (a) they do
not require the existence of historical electricity consumption
data to determine the electricity consumption of the resi-
dential sector, (b) they are very well suited for studying the
effects of different technologies, policy decisions or energy
optimisation techniques on the household load profile, (c)
they provide very detailed results. Their main disadvantages
are: (a) they are very computationally heavy, as the high
level of details introduce high levels of complexity in the
models and (b) they have very high input data requirements
such as active occupancy patterns, the equipment used in the
households and information about the different time-uses of
electricity consumers. Twenty one papers with sampling rates
spanning from 1 hour to 1 second belong in this category and
can be seen in Table 1.
2) Top-down models
Top-down residential load profile models, on the other hand,
"use the total energy or electricity consumption estimates to
assign them to the characteristics of the building stock" [49].
They use macro-variables (data collected at an aggregate
level) and/or stochastic predictors to predict the household
energy consumption profile and use them to derive rela-
tionships between them and the electricity consumption.
The most used macro-variables are the total residential sec-
tor electricity consumption, the structural characteristics of
the dwellings, the number, age, sex, race/ethnicity, income,
level of education and family type of occupants and their
behaviour, as well as historical energy consumption data,
weather conditions and macro-economic indicators. House-
hold age (the ages of the household residents) is often used
as a proxy for the amount of time people spend indoors and
thereby the opportunity to consume energy. The stochastic
predictors are based on time series analysis, such as auto-
regressive moving average methods. According to Paatero et
al. [52], they are more suitable for demand forecasting at the
utility level because the end-use consumption of individual
households is not usually distinguishable at the utility level.
As a result, they are not as computationally intensive as
bottom-up models.
The common procedure to develop a top-down model is
the following:
1) Step 1: Find historical electricity datasets that have the
proper sampling rates for the model
2) Step 2: Determine the macro-variables needed for the
model (e.g., historical yearly electricity consumption,
characteristics of the residents, historical weather data
etc.)
3) Step 3: Categorise different combinations of macro-
variables (e.g., a single family building where a couple
with 2 school age children of ethnicity A who earn B
euros per year in the North of Germany live versus an
apartment where a single female of ethnicity C who
earns D euros per year in the South of Germany live.)
4) Step 4: Perform time series analysis on the historical
data to determine the stochastic predictors to be used
in the model (if any)
5) Step 5: Combine the stochastic predictors with the
macro-variable categories to generate the load profile
4 VOLUME 4, 2016
This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2021.3050074, IEEE Access
Author et al.: Preparation of Papers for IEEE TRANSACTIONS and JOURNALS
of the house/s for a period of time ranging from one
day to several years
6) Step 6: Validate the model by comparing the simula-
tion results with measured data
The two main advantages of top-down models compared
to bottom-up models are that (a) they do not require in-
formation about individual electric appliances and (b) they
have a low level of complexity because they do not require
the modelling of the usage of every single appliance in the
household and are, therefore, not as computationally heavy
as bottom-up models. Their main disadvantages are that (a)
they require the existence of historical data of residential
electricity consumption profiles of households to determine
the energy consumption of the residential sector and (b) have
large computational time steps (usually between 15 minutes
and 1 hour [17]). This results in the loss of information
as only certain statistical criteria can be fulfilled [13]. Top-
down models are imminently suited for simulations studying
the demand-response, the transformer and storage sizing, as
well as the distribution networks. Seven papers with sampling
rates between 1 hour and 30 minutes belong to this category
and can be seen in Table 1. As can be seen, there are far fewer
top-down models than there are bottom-up ones.
3) Hybrid models
Hybrid models are a fairly recent addition to residential load
profile models (with the exception of [10]). As the name im-
plies, combine methods and elements used in both bottom-up
and top-down models. Bottom-up elements include, but are
not limited to, occupancy models, electrical appliance usage,
consumption load profiles, lighting usage, hot water demand
and natural ventilation. Top-down elements include, but are
not limited to, building archetypes, which are representative
of a group of buildings and their electricity consumption
profiles.
The common procedure to develop a Hybrid model is the
following:
1) Step 1: Determine which micro- and which macro-
variables will be used in the model
2) Step 2: Use the bottom-up model procedure steps a) –
c) for the micro-variables
3) Step 3: Use the top-down model procedure steps a) –
d) for the macro-variables
4) Step 4: Combine the micro- and macro-variables to
generate load profiles for a single or multiple house-
holds for a period of time ranging from one day to
several years
5) Step 5: Validate the model by comparing the simula-
tion results with measured data
Most hybrid models were created to support demand side
management efforts (more specifically, demand forecasting
using smart meters). As a result, each model incorporates a
different set of techniques and input parameters depending on
the problem they were meant to solve. Therefore, the char-
acteristics they share with bottom-up and top-down models
strongly vary from model to model. It is not possible to create
a list of advantages and disadvantages because each hybrid
model combines different elements of bottom-up and top-
down down models. Four papers with a sampling rate ranging
from 1 hour to 2 seconds belong to this category (see Table
1). As can be seen, hybrid models are the least numerous but
this will most likely change as demand side management and
smart meters become more widely used.
B. BASED ON THE SAMPLING RATE
The literature research showed that the models can be divided
into three broad categories: low resolution models, middle
resolution models and high resolution models.
Low resolution models (see Table 1) are models with a
sampling rate less than fifteen minutes. All but one such
models were created before 2015 and could be divided into
two broad categories. Those belonging to the first category
aim to model the end-use electricity of a region, i.e., neigh-
bourhoods, districts, cities or provinces. Depending on the
model the region could be composed of hundreds ( [10], [20],
[47]) to hundred of thousands of households ( [14], [32],
[45], [52], [57]). Those belonging to the second category
aim to model the electricity load profile of different types of
houses ( [3], [37], [42], [53], [54], [56]) or study the impact
of different energy prices on the residential load profile [22]
and, hence, only modelled single houses.
Middle resolution models (see Table 1) are models that
have a sampling rate between fifteen minutes and one minute.
They are by far the least numerous and, at the time of writing
of this review, only four such models exist (see Table 1). All
of these models were created after 2000. In general, they
simulated the residential load profiles of single houses that
could then be studied individually.
High resolution models are models with a sampling rate
of one minute or more. All were published after 2010, with
the notable exception of [48] which was published in 2005.
Such models are much more likely to have been built using
not only measurements of the main power supply but also of
household electrical devices, who have internal time scales of
milliseconds ( [11], [28]). Of the high resolution models, only
one has a sampling rate of two seconds [90] and none exist
with a sampling rate of the order of milliseconds. It is worth
noting that, when most publications refer to high-resolution
residential load models, they are actually referring to middle
resolution models because no models with a sampling rate of
the order of seconds existed when they were published.
All residential load profiles are dynamic models in the
sense that the generated electricity consumption depends on
the time of the day, the number of household residents present
at any given time and their occupancy and appliance usage
patterns. However, models with low sampling rates (of the
order of hours to 15 minutes) display far fewer changes of
state than models with high sampling rates (1 minute to Hz).
The reason for this is that most low sampling rate models
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are attempting to replicate H0 SLP-like profiles produced
in different countries. The H0 SLP was created using ≈
90% hourly sampling rate data and ≈ 10% quarterly hour
sampling rate data [89], i.e., the hourly sampling rate data
recorded one value every hour while the quarterly hour
sampling rate data recorded one value every 15 minutes.
The hourly data were then upsampled to a sampling rate of
15 minutes. As a result, they completely miss the demand
fluctuations present in the periods in between. Furthermore,
the H0 SLP assumes that each week day has exactly the same
load profile, while Saturday and Sunday each have a different
profile. High temporal resolution profiles, on the other hand,
do reflect the fluctuations generated by the turning on and
off of appliances and are, therefore, much more dynamic
than low sampling rate models (see [90]). It should also be
noted that the mathematical properties of residential electric-
ity loads depend on their spatial scales and the number of
houses being considered. The larger the number of houses,
the smaller the fluctuations would be, but they would still
be present and clearly visible (see [90]). A more detailed
discussion on how the number of houses, the sampling rate
of a model and the data that were used to create it affect the
mathematical properties of a residential load model can be
found in [90].
C. BASED ON THE APPLICATION
The model itself or its output can have several primary
intended applications, usually more than one at the same
time. As with the categorisation based on the sampling
rate, there is no official classification. However, the models
can be divided into four broad categories: (a) demand side
management (DSM), (b) planning, control and design of en-
ergy systems, distributions grids and local energy efficiency
strategies (PCD) and (c) residential load profiles (RLP).
Demand side management:
Models whose primary intended application is to be used
in demand side management systems are grouped in the
demand side management subcategory. Such models are con-
cerned with how the electricity consumption of households
can be reduced/altered through the implementation of new
technologies or shifted to times of the day with historically
low electricity demand and/or when the electricity prices
are low. This can be achieved through the implementation
of new technologies in household appliances such as energy
efficient fridges or room heaters that can be pre-programmed
to switch on at specific times. Some of these devices can also
use algorithms that can switch appliances On/Off on demand,
or when certain conditions are met or schedule their usage in
advance for a certain time period of the day. Examples of
such appliances are washing machines that are switched on
when the price of electricity drops below a certain threshold,
devices that switch On/Off when the outdoor or indoor
temperature reaches a certain value or washing machines and
robotic vacuum cleaners which can be controlled remotely.
Eighteen such models were identified (see Table 1).
Planning, control and design of energy systems, distri-
butions grids and local energy efficiency strategies:
Models whose primary intended application is the plan-
ning, control and design of energy systems, distributions
grids and local energy efficiency strategies (PCD) fall into
this subcategory. Such studies aim to help electricity grid
planners build electricity grids which minimise electricity
consumption using different technologies including demand
side management. Nine such models were identified (see
Table 1).
Residential load profiles:
Models whose sole declared application was the generation
of residential electricity load profiles (REL) were placed in
this last subgroup. Nineteen such models were identified (see
Table 1).
D. BASED ON THE STATISTICAL METHODS
Lastly, the models can be grouped based on the statistical
methods used to model the residential load profile.
Markov chain models:
Fourteen of the models surveyed used Markov chains
(MChain) to simulate the switching On/Off of devices (see
Table 1), with the majority of them assuming that the
activation/deactivation of a single device is independent from
the activation/deactivation of any other devices present in the
household. This assumption is often false, e.g., if a house
possesses both a washing machine and a dryer. In that case,
the usage on the washing machine will be followed by the
usage of the dryer after the washing machine has finished
[19]. Of the fourteen models in this category only two ( [19],
[46]) considered the paired usage of devices. Virtually all the
models used a combination of the usage patterns of residents
and the load profiles of the devices to model the electricity
load of the household. In general, such models defined a
starting state which then transitioned to the next states. The
state the system transitioned to depended on the transitioning
probability. Each model used a different method to calculate
it. Some used transitional probability matrices. Others used
a generated uniformly-distributed pseudo-random number
which when compared to the cumulative distribution of
the state transition determined which transition took place.
Yet in others the probability of transitioning from an On
to an Off state was a time-dependent parametrised binary
function whose parameters were determined by a cumulative
distribution function.
Probabilistic models:
Twenty five models (see Table 1) used non-Markov, prob-
abilistic statistics (PPM) to model the residential load pro-
files of single houses. These models used general statistical
methods such as sums of Gaussians, probability distributions,
cumulative probability functions or conditional demand anal-
ysis to model the load profiles of individual appliances and
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whole households. These models display a wide range of
complexity. They have been used to determine whether de-
vices are On or Off and, in the case of devices with uncertain
usage periods, to determine for how long a device was used.
Moreover, they have been used to develop the occupancy
profiles of the houses. Only one model used parameter fitting
to extract the optimal values for their model parameters [20]
while the rest assigned probabilities by criteria that limited
their average values to within tolerance bands around the
values indicated by national statistics or measured data.
Monte Carlo models:
Five models combined a PPM and/or MChain approach with
the usage of Monte Carlo methods (MCarlo) (see Table 1).
These method were used to extract the probability profile of
a process [14] or to determine whether devices were used
and, in the case of devices with uncertain usage periods,
to determine how long they were used for [47]. Neue et
al. [41] used these methods to develop activity-specific
profiles for occupancy, disaggregated appliance and indoor-
lighting electricity usage. Muratori et al. [39] used these
methods to create residential load profiles which connected
the electricity demand with psychological and behavioural
factors typical of the household occupants. Labeeuw et al.
[32] used these methods to create a wide variety of residential
customer profiles, where each profile represented a group of
households with similar consumption patterns. Johnson et al.
[27] used these methods to combine occupant behaviour and
residential load models to simulate variations in electricity
consumption based on the time of the day and day of
the week. All models usually used measured residential
load profile data and statistical methods such as clustering
algorithms and goodness-of-fit to find the optimal values for
their parameters.
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Authors Year Sampling Rate Application Modelling Techniques
Bottom-up modes
Train et al. [57] 1984 1 hour RLP PPM
Walker et al. [56] 1985 15 minutes PCD, RLP PPM, MChain
Yao et al. [54] 2005 1 hour DSM, RLP PPM
Melody Stokes [48] 2005 1 minute PCD, RLP PPM
Paatero et al. [52] 2006 1 hour DSM, PCD, RLP MChain, PPM
Armstrong et al. [7] 2009 5 minutes DSM MChain, PPM
Richardson et al. [46] 2010 1 minute RLP PPM, MChain
Dickert et al. [17] 2010 30 s DSM, PCD PPM
Ren et al. [45] 2012 1 hour DSM, PCD, RLP PPM
Gruber et al. [24] 2012 1 minute DSM MChain, PPM
Shao et al. [47] 2013 1 hour DSM PPM, MCarlo
Muratori et al. [39] 2013 10 minutes RLP MChain, MCarlo, PPM
Bajada et al. [8] 2013 1 minute DSM MChain
Ortiz et al. [42] 2014 1 hour RLP PPM
Alzate et al. [3] 2014 15 minutes DSM MChain
Collin et al. [16] 2014 10 minutes DSM, PCD MChain
Fischer et al. [19] 2015 10 s DSM, REL PPM
Gao et al. [55] 2016 8.5 minutes DSM PPM
Marszal-Pomianowska et al. [35] 2016 1 minute DSM, PCD PPM
McKenna et al. [5], [36] 2016 1 minute RLP, DMS, PPM
Gottwalt et al. [22] 2018 1 hour DMS MChain, PPM
Top-down modes
Capasso et al. [14] 1994 15 minutes DSM, RLP MCarlo, PPM
Widen et al. [53] 2009 1 hour RLP PPM
McLoughlin et al. [37] 2010 30 minutes RLP MChain
Bucher et al. [13] 2012 1 minute RLP PPM
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Labeeuw et al. [32] 2013 1 hour RLP MChain, MCarlo, PPM
Ge et al. [20] 2016 1 hour PCD PPM
Anvari et al. [90] 2020 2 seconds DSM, RLP PPM
Hybrid modes
Bartels et al. [10] 1992 1 hour DSM NMCPS
Ardakanian et al. [6] 2011 1 minute PCD, RLP MChain
Johnson et al. [27] 2014 1 s RLP MChain, PPM
Neue et al. [41] 2016 1 minute DSM MChain, MCarlo
TABLE 1: Model categorisation table. The models are sorted according to the method used to calculate the electricity
consumption of the household and their year of publication. The table also provides information about the sampling rate of
each model, their intended application and the statistical technique/s used.
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In general, as can be seen in Table 1, each model uses
whichever statistical method or combination of methods
gives the best results for its intended purpose as well as the
input datasets available to its authors. This review could not
identify any clear preferences for the usage of one statistical
method over another in any type of model. Actually, the use
of the statistical methods appeared to be strongly influenced
by the type of data available to the authors and, therefore, by
how that data could be used to build a model that could create
the residential load profile of a house or a group of houses.
However, because low sampling rate datasets (15 minutes
- 1 hour) are deterministic in nature [37], they can be easily
modelled using simpler methods such as sums of Gaus-
sians, probability functions, cumulative probability functions
or conditional demand analysis. At high sampling rates (1
minute - several Hz), however, the stochastic nature of the
residential electricity consumption becomes evident. This
stochastic nature is due to the randomness of the switching
On/Off of devices by the residents of each house [90]. As
a result, stochastic methods usually need to be combined
with deterministic methods to accurately model residential
load datasets measured at high sampling rates. Consequently,
Markov processes and Monte Carlo techniques are used
often but not exclusively (e.g., the usage of only probability
distributions in [17] and [19] shows). A summarised version
of the suggested categories and their subcategories are shown
in Table 2.
In conclusion, residential load models can be categorised
in several different ways depending on their structure, their
sampling rate, their intended application and their statistical
techniques. Until now, however, authors focused only on the
categorisation based on their structure and ignored models
which combined characteristics of both bottom-up and top
down models.
IV. PARAMETER IDENTIFICATION
In general, the parameters chosen as model input depend
strongly on the type of the model. Micro-parameters, such
as appliance load and time-use/user activity information,
are more common in bottom-up and hybrid models. Macro-
parameters, such as building stock, demographics (num-
ber, age, sex, race/ethnicity of household occupants), socio-
economic data (income, level of education and family type
of occupants) and lifestyle habits (time people spend indoors,
types of household entertainment, amount of home cooking
etc.), are more common in top-down and hybrid models.
A. MICRO-VARIABLE CATEGORIES AND THEIR
PARAMETER IDENTIFICATION
Models whose input is the load profile of individual appli-
ances (while they are in use and their yearly consumption)
obtain the values of their parameters from (a) directly from
the manufacturers ( [24], [39], [42], [47], [52]), (b) from
measurements performed under controlled conditions (e.g.,
in laboratories [53]), or (c) from state/country authorities or
universities organised and funded by states/countries who
TABLE 2: Model categorisation summary. Categorisation
of the reviewed models based on their main features. The
subcategories of each category are also presented
Categories according to
the model’s main fea-
tures
Subcategories





Sampling rate 1) Low resolution (hours - 15 minutes)
2) Middle resolution (15 minutes - 1 minute)
3) High resolution models (1 minute - Hz)
Intended application 1) Demand side management
2) Planning, control and design of energy
systems, distributions grids and local en-
ergy efficiency strategies
3) Residential load profiles
Statistical techniques 1) Markov chain techniques
2) Probabilistic techniques
3) Monte Carlo techniques
then make the anonymised data available to researchers ( [7],
[14], [19], [22], [32], [35], [45], [46], [47], [52], [53], [54]).
More rarely, they are measured directly through intrusive
appliance monitoring (i.e., through metering devices attached
to the household appliances of the participants during the
measurement campaigns) ( [10], [27], [42], [46], [55]). The
sources of the values used in [5], [17], [24], [36] and [56]
are unclear. With the advent of non-intrusive load modelling
(NILM) and disaggregation techniques, it is now possible to
extract the load profiles of individual appliances from the
metered load profiles of single houses as long as the data is
accessible.
According to Picon et al. [92], there are four categories of
micro-variables used in bottom-up residential load profiles.
In the first category belong electrical appliances that can
only be switched on or off, e.g., ovens and hot water kettles
(see Figure 2a,b). In the second category belong appliances
whose electricity consumption is adjustable such as stoves,
irons, fans and hair dryers (see Figure 2c,d). In the third
category belong appliances during whose operation different
consumption events happen, such as washing machines. They
have different washing programs (with or no pre-wash, with
hot, warm and cold water programs, for woollen, synthetic or
mixed fibre clothes etc.) and each program is characterised by
different processes (washing, rinsing and spinning cycles).
This results in variable electricity consumption during their
operation (see Figure 3). Other devices that also belong
to the third category are refrigerators, PCs, laser printers
and televisions (see Figure 4). In the last category belong
appliances which are always in use and have one (constant)
consumption rate. Any appliance with a stand-by mode
(while it remains on stand-by mode) belongs in this category.
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Such appliances are PC monitors (when not turned off or
being used), microwaves with digital clocks (when not used)
and modems. These appliances form the base load of the
load profile [93] and, because they are always On, cannot
be identified using disaggregation or NILM analysis. The
effects of various devices on the residential load profile as
well as the base load (the constant consumption of ≈ 0.5
kW) can be seen in Figure 5. A more in depth analysis on the
classification of household appliances can be found in [24].
  
a) Oven b) Hot water kettle
c) Hair Dryer d) Fan
FIGURE 2: Appliance category 1 & 2. a) oven and b) hot
water kettle, are Category 1 appliances which can be turned
on and off. The small fluctuations can probably be attributed
to sensor noise. c) hair dryer and d) fan are Category 2
appliances. The different electricity consumption modes are
clearly visible in the form of steps in the case of the hair
dryer. In the case of the fan the different electricity consump-
tion modes are visible in the form of different colour lines and
the presence of steps. The loads were measured in November
2016. The plots were originally published by Gao et al. [91]




Washing machine washing at 30° Washing machine washing at 45°
Washing machine washing at 65°Washing machine washing at 55°
FIGURE 3: Appliance category 3: Washing machine. The
electricity consumption loads of a washing machine operat-
ing at a) 30 degrees, b) 45 degrees, c) 55 degrees and d) 65
degrees. The loads were measured in November 2016. The
plots were originally published by Gao et al. [91] and edited
to allow their presentation in a single figure.
As electric vehicles (e.g. cars, scooters, bicycles) are gain-
ing in popularity, manufacturers are starting to produce e-
vehicle load profiles. Such manufacturer profiles have low
  
a) Refrigerator b) PC
c) TV d) Laser printer
FIGURE 4: Appliance Category 3. The electricity consump-
tion loads of a) a refrigerator, b) a PC c) a TV and d) a laser
printer. The variation in the electricity consumption of the
devices is clearly visible in the form of abrupt jumps in the
electricity consumption. Specific changes in state that result
in the fluctuation of electricity consumption are marked for
the refrigerator and the TV. The loads were measured in
November 2016. The plots were originally published by Gao
et al. [91] and edited to allow their presentation in a single
figure.
FIGURE 5: Appliance influence on the residential elec-
tricity load profile. The electricity consumption load of a
household with the various appliance loads and how they
alter it are indicated. The noise visible can be attributed to
sensor noise. The plot was originally published by Tuomisto
[92].
sampling rates (15 - 30 minutes). The e-vehicle load profile
depends on several factors such as the type of electric vehicle
(e.g. bike, scooter or car), the size of its battery, its nominal
charging power, the typical daily driven distance and the
daily energy requirement, the typical charging times (in the
morning or in the evening or over the course of the day). E-
vehicles should be placed in Category 1 because they appear
to charge at a constant rate of, e.g., 160 W and stop charging
as soon as the battery is full or the car is disconnected from
the plug. An example of such a load profile can be seen in
Figure 6.
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FIGURE 6: Electric-car charging profile. The plot shows
the charging profile of a an electric car. In this Figure the
car is plugged in and charging 4 times over the course of 24
hours. Each time the car is connected to the plug and starts
charging, the electricity consumption jumps from 0 to 160 W.
The dataset used to create this plot was published by Muratori
in 2018 [26].
B. MACRO-VARIABLE CATEGORIES AND THEIR
PARAMETER IDENTIFICATION
Models whose input was the active power consumption of
a single or multiple houses obtained the values of their pa-
rameters directly from measurements collected by metering
devices attached to the houses main electricity power line (
[6], [10], [20], [37], [46], [48], [90]) or were generated from
older bottom-up models ( [13], [41]).
Models whose input was a) time use data, b) user ac-
tivity information regarding the length of usage of various
appliances in households, c) demographic data (number,
age, sex, race/ethnicity of household occupants), d) socio-
economic data (income, level of education and family type
of occupants) or e) lifestyle habits usually obtained the
values of their parameters from time usage diaries filled by
participants of past measurement surveys ( [3], [8], [14],
[16], [19], [22], [27], [35], [39], [41], [42], [46], [53], [57]).
Usually, these measurement campaigns were organised and
funded by states/countries who then made the anonymised
data available to researchers. On rare occasions, the data were
collected by surveys conducted by the authors themselves
[42]. Infrequently, models used usage profiles or normalised
usage profiles found in older papers ( [7], [41], [45], [54]).
Lastly, models whose input was residential building stock
information (to determine the number of single houses, de-
tached houses, semi-detached houses and blocks of flats)
usually derived the values of their parameters from census
surveys organised and funded by states/countries who then
made the anonymised data available to researchers ( [41],
[48]). The geometrical characteristics, construction types and
materials, appliance infiltration levels, heating system types
and controls were usually determined from the building reg-
ulations for, both, new and existing buildings in the relevant
countries ( [41], [48]). The number of rooms, layout and floor
plans were usually determined from representative dwellings
defined in older studies ( [41], [48]). On very rare cases,
this information was also collected as part of measurement
campaigns [55].
V. FUTURE RESEARCH DIRECTIONS AND
APPLICATIONS
With the increasing number of renewable electricity feed-
in, the ever increasing number of electricity-powered devices
used in households (including vehicles) and the emergence
of and integration into the electricity grid of mini- and
micro-grids ( [77], [78]) (which can be autonomous or semi-
autonomous or fully connected to the grid), three main future
research directions and applications for the residential elec-
tricity load models can be foreseen: a) Smart Homes, b) Mini-
Grids, Micro-Grids and Smart Cities and c) investigating the
effects of new appliances, new building technologies and new
regulations on the residential load profile.
a) In Smart Homes, bottom-up or hybrid residential
electricity load profile models could investigate and eventu-
ally be used for demand side management and load shift-
ing. Such models would help households with installed
photovoltaic/micro-wind electricity generation capabilities
and battery storage to remain energy neutral by forecasting
and load shifting the electricity demand to balance it with
the generation. For houses who cannot generate their own
electricity, they would allow them to reduce their electricity
bills through load shifting or reduce their electricity con-
sumption by highlighting devices that consume high amounts
of electricity. These models would need to use live feed-in
or historical data from smart devices/plugs and (if installed)
renewable electricity generation sources.
b) In Mini-Grids, Micro-Grids and Smart Cities, top-
down/hybrid residential electricity load profile models could
be used to investigate how could i) load shifting or ii) demand
forecasting of the small groups of houses, neighbourhoods
or small villages belonging to these mini- and micro-grids
help grid controllers maintain the stability of these grids. If
future Smart Cities are composed of clusters of such grids,
they could help maintain the stability of the entire city. Of
course, in both cases (mini-, micro-grids and Smart Cities),
they would need to be part of a larger grid model or a city-
wide electricity grid model, respectively.
In the case of load shifting, the balancing would take place
through active load shifting of the demand of each house
(this would require access to the live feed-in of each house
which would then be used as input for the model and would
allow the controllers to control at least the major devices in
each house). It will, therefore, be critical that the residents
of each household actively opt-in to the system. In the case
of demand forecasting, residential electricity load profile
models could be used to forecast the electricity demand of the
group of houses in advance (using the historical feed-in of the
smart meters installed in each house). The forecasting would
allow them to deploy extra energy resources (e.g., electricity
from battery storage or hydrogen fuels or to buy electricity
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from the grid) when the demand is forecasted to be higher
than the generation. It would also make it possible to fine
tune the model to best fit the needs and characteristics of
each individual mini- or micro-grid. For example, a cluster
of student houses and dorms will have different consumption
characteristics and peak times (high consumption in the
morning and night but low during the rest of the day)
compared to a retirement community (moderate consumption
over the day with peaks in the early morning, lunch and
dinner times). Such models could help both researchers and
engineers identify the best technologies that could be used
to successfully balance the generation and consumption (
[78], [79]), the best protection schemes [80] and the best
control systems to ensure the stable and secure operation of
such grids ( [81], [82], [83]) by providing accurate group
residential load profiles for the particular mini- and micro-
grids in question.
c) Lastly, residential load models could be used (as has
been done in the past) to study how the addition of new
devices (e.g., smartphones, tables, smart watches, gaming
consoles, smart devices, etc.), new vehicles (e-cars, e-scooter,
etc.), new social conditions (e.g., working from home),
new building technologies and new building standards (pas-
sive/zero energy houses) will affect the residential electricity
load profile and create short (the next few minutes) and long
term forecasts (the next several weeks). They could also
help study and analyse the impact of smart houses on the
residential load profile of the future and, hence, help create
plans and strategies.
VI. MODELLING CHALLENGES
A. UNSUITABILITY OF THE BDEW H0 SLP
The publicly available H0 SLP [21] is not well suited to the
creation of the residential electricity load profile models of
the future because it assumes that every household follows
the same electricity consumption patterns regardless of the
number of the household occupants, their socio-economic
status or the number and the type of electrical devices they
use. The residential electricity load profile of a group of
houses looks closer to the NOVAREF load profile visible in
Figure 7 (which is the average of twelve houses recorded
at a sampling rate of 2 seconds) measured during the NO-
VAREF project [33]. In reality, the residential load profile of
a single household can vary strongly from house to house,
as can be seen in Figure 8. Furthermore, the majority of the
measurements that the BDEW used to create the H0 SLP
were collected in the decades preceding 1990, with only a
few measurements performed between 1995 and 1998. As a
result, it completely ignores the effects that the increasing
number of electrical devices introduced into the household
since 1999 can have on the residential electricity load, espe-
cially on time-scales shorter than 15 minutes.
According to the BDEW report (which was written in
1999), a 10 – 20 % deviation between the predicted H0
SLP and the actual consumption was to be expected at any
FIGURE 7: H0 SLP vs the measured residential load
profile of a group of houses. Comparison of the H0 SLP
used by German electricity providers vs the actual electricity
consumption average of the 12 houses measured during the
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FIGURE 8: Daily electricity consumption measurements
from 9 houses. The electricity consumption measurements
of a selection of houses measured during the NOVAREF
project for a single calendar day [33]. a) House 1, b) House
2, c) House 3, d) House 4, e) House 6, f) House 9, g) House
8, h) House 10, i) House 11. As can be seen, the residential
electricity load of an individual house can vary greatly and
usually looks very different from the H0 SLP.
given time [12]. Due to the increased usage of multiple elec-
tronic devices (such as smartphones, smart speakers, electric
heaters, gaming consoles, internal lighting etc.), electro-
mobility, work-from-home, self-generation and individual
consumption, the deviations between the expected and actual
consumption are likely to be higher in 2020 than reported in
the BDEW report and likely to increase even more in the next
years or decades.
Another issue the H0 SLP does not address is the existence
of "second" or "vacation" homes. The consumption charac-
teristics of these houses can be radically different from those
of the standard load profile, as they are characterised by either
high consumption in the summer and low consumption in
the winter or normal consumption during the week but zero
consumption during the weekends (or vice-versa) [4].
Therefore, in order to create accurate models, researchers
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need to use residential electricity load profile datasets mea-
sured during measurement campaigns. Unfortunately, at the
time of writing of this review, there are only 25 publicly avail-
able or available at request residential load profile datasets
(see Table 3). The low number of residential load profile
models in existence can be directly attributed to the limited
accessibility to such datasets, which can itself be directly
attributed to privacy concerns.
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# Acronym Year Sampling
Rate
Submeters Features # Houses Period Country
1 SERL [71] 2020 daily & 30
minutes
- A1 1770 2019-2020 UK
2 CRHLL [74] 2013 1 hour 10 A1, A3,
A7
16 1 year USA




2010 30 minutes - A5 300 2011-2013 Australia
5 ISSDA Smart Me-
ter Dataset [73]
2012 30 minutes - A1 4225 2009 - 2010 Ireland
6 LCLdToU [66] 2016 30 minutes - A1 5567 2013 UK
7 EDR Project [65] 2018 30 minutes - A1 16249 2007-2010 UK
9 H0 SLP [21], [12] 1999 15 minutes Aggregated A1 332 1970 - 1999 Germany
10 IZES [72] 2010 15 minutes - A1 497 2010 Germany
11 IEEE PES-ISS
[62]
2015 15 - 5 min-
utes
- A1, A2 10 8 - 30 days USA, Brazil
12 Smart* (UMSM)
[9]





400 and 7 2014-16 USA
13 IHEPCDS [25] 2012 1 minute 3 A1, A3 1 4 years France
14 SustDataED [43] 2012 1 minute 24 A1, A7 50 2010-
present
Portugal
15 MEULPv1 [69] 2012 1 minute 8 A1, A3 12 > 1 year Canada
16 iAWE [11] 2013 1 minute 33 A1, A3,
A7
1 73 days India
17 AMPDs [34] 2013 1 minute 21 A1 1 2 years Canada
18 MEULPv2 [70] 2017 1 minute 5 groups A1, A2 12 1 year Canada
19 REDD [31] 2011 10 & 3 s 24 A1, A7 6 several
weeks
USA
21 REFIT [40] 2017 8 s 9 A1, A7 20 2 years UK
22 Tracebase [63] 2012 2 s 158 A7 15 24 hours Germany,
Australia
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23 ECO [15] 2014 1 s 6 A1, A3,
A4
6 8 months Switzerland
24 GREEND [38] 2014 1 s 9 A1, A7 8 1 year Austria,
Italy
25 ADRES [2] 2015 1 s Aggregated A1 39 14 days Austria
26 DRED [51] 2015 1 s 13 A1, A8,
A9
1 6 months Netherlands
22 RAE [64] 2016 1 s 24 A1 2 9 - 63 days USA
21 UK-DALE [30] 2017 6 s & 16
kHz
4 A1, A7 5 4,3 years UK
22 BLUED [60] 2012 12 Hz Aggregated A2, A7 1 1 week USA
23 ENERTALK [58] 2019 15 - 11 Hz 1-7 A1, A7 22 30 - 122
days
Korea
24 NOVAREF [90] 2020 2 s - A1 12 1 year Germany
25 IDEAL [59] 2020 1 s 19 A1, A7,
A10
39 - 255 20 months UK
TABLE 3: Publicly available datasets of residential electricity load profiles. This table presents all the publicly available
residential electricity load profile datasets which contain measurements of a minimum of 24 hours. They are sorted by year of
publication and include the sampling rate, the measurement period, the features of each dataset and the country where the data
were measured. The features available are A1 = aggregate consumption of single household/s, A2 = electric car, A3 = individual
circuits consumption, A4 = occupancy status, A5 = PV generation, A6 = micro-wind generation, A7 = individual appliances
consumption, A8 = indoor temperature, A9 = outdoor temperature, A10 = building, room and appliance characteristics.
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Residential electricity load profiles can also be created by
combining the occupant behaviour datasets or models with
publicly available datasets of short measurements obtained
from various appliances. A table of six publicly available
datasets of various devices can be seen in Table 4.
VOLUME 4, 2016 17
This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2021.3050074, IEEE Access
Author et al.: Preparation of Papers for IEEE TRANSACTIONS and JOURNALS





1 ACS-Fl [85] 2013 10 s 100 (10 types) I, V, P, Q, f, U - 1 h Switzerland
2 ACS-F2 [88],
[89]
2013 10 s 100 (10 types) I, V, P, Q, f, U - 1 h Switzerland
3 PLAID [67],
[86]
2014 30 kHz 60 I, V 11 3 month USA
4 COOLL [87] 2016 100 kHz 46 (12 groups) I, V 1 2 h France
5 PSD [84] 2012 1 min - P 10 1 week USA
TABLE 4: Publicly available datasets of short measurements of various appliances. Each appliance was measured for short
periods of time, usually an hour or less. The table includes information about the year they were published, their sampling rate,
the number of submeters used, the number of houses they were measured in, the total length of time the measurement campaign
lasted and the country where the measurements took place.
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B. MODEL SOURCE CODE AVAILABILITY AND
STRUCTURE
All the residential load profile models presented in this
paper were created for and used in very specific projects.
Each model tried to answer a very specific question or to
address a very particular issue. Due to this and the fact that,
for decades, it was believed that residential load profiles
do not vary strongly from house to house, there has never
been an industrial standard for residential electricity load
profile models. The closest thing to an industrial standard in
residential load modelling has been the H0 SLP-like datasets
generated by each country’s authorities or energy providers.
As a result, it was not common practice to make the source
code of the models developed or the data used in the projects
publicly available. Each of these modellers had to build
their model from scratch. Had the source code been publicly
available, they could have instead focused their efforts into
adjusting the source code to fit their needs, increase the
model’s complexity or conduct more in-depth research rather
than wasting their time and resources performing duplicate
work.
Going forward, residential load models should facilitate
the exchange of ideas and increase the collaboration within
the community. In order to achieve these goals, future mod-
els should a) be made open source and b) be distributed
under a Copyleft license [76] so that (i) proper credit is
given and (ii) all software developed based on them are
licensed under identical open-source terms. This will ensure
the greatest possible impact by being universally accessible
to all researchers. They should, furthermore, be c) properly
documented so that the researchers have a full understanding
of the source-code and d) be modular so that future users can
add, remove and develop functionalities as needed.
C. PRIVACY CONCERNS
The number of residential load profile datasets in existence is
higher than the twenty five publicly available ones presented
in Table 3. Proof of this are the models presented in Section
III, none of which was built using publicly available datasets
( [90] did however make the datasets used to build it publicly
available). Accessing these non-publicly available datasets
can be challenging and often impossible as such datasets are
usually collected in the course of measurement campaigns.
These campaigns, and consequently the data collected, are
controlled by strict privacy and confidentiality agreements
which strongly restrict their sharing and/or usage in any
project other than the one they were collected for. As a
result, they cannot be shared with researchers unaffiliated
with the institution/s they were collected by. Often, they
cannot even be shared with researchers who belong to the
same institution/s but are unaffiliated with the specific project
the data were collected for.
This is very unfortunate as the data collected during such
campaigns can be very valuable for model building, i.e.,
they might contain the total electricity consumption of a
household/s and/or the electricity consumption of individual
appliances and/or the electricity consumption of multiple
appliances connected to a common plug. These quantities are
usually measured in Watts per unit time (hour/fifteen min-
utes/minutes/seconds/milliseconds intervals depending on
what is measured and the capabilities of the sensor used to
measure them). The total electricity consumption of a house-
hold is measured by attaching a meter to the main power sup-
ply (Watts per hours/fifteen minutes/minutes/seconds inter-
vals). The electricity consumption of individual appliances is
measured by attaching smart meters to individual appliances
(Watts per minute/seconds/millisecond intervals). The elec-
tricity consumption of multiple appliances is measured by
attaching a plug level monitor to a common plug (Watts per
minute/seconds/millisecond intervals). The data is then saved
locally or transmitted to a remote server and anonymised.
As mentioned above, the root causes for the low number
of publicly available residential load profile datasets are the
privacy concerns of the participants and, to a smaller degree,
the financial constrains of such campaigns. As a rule, partic-
ipants do not trust that their data will be anonymised before
being analysed, leading to a sense of an invasion of or threat
to their privacy. Such concerns are not entirely unfounded:
if the person who analyses the non-anonymised datasets has
knowledge of the number, types and load profiles of the de-
vices in the household or long experience with analysing such
datasets, they could potentially identify when each device
was activated/deactivated, potentially revealing the activities
of the participants in their houses. Very often, participants in
measurement campaigns have requested, after participating
in the study for some time, to be removed from them. Such
privacy concerns are especially strong in countries with a
history of state surveillance, such as Germany, and make
it extremely difficult to convince people to participate in
measurement campaigns in the first place, especially long-
term ones lasting for several years.
As a result, all but four measurement campaigns ( [21],
[25], [30], [43], [65]) conducted measurements for less than
four years, only two of those measured a large amount
of houses ( [21], [65]) and only three of those recorded
measurements at high sampling rates ( [25], [30], [43]). As
can be clearly seen in Table 3, there are no publicly available
residential load profile datasets which contain decades of
measurements of hundreds of houses, with the exception of
[30] which used data measured over the course of multiple
measurement campaigns over more than two decades. The
published product of [30], however, was the reference load
profile H0 SLP rather than raw measurements, unlike the
rest of the 24 datasets. Of the high resolution datasets ( [2],
[11], [15], [25], [30], [31], [34], [38], [40], [43], [51], [58],
[59], [60], [63], [64], [69], [70], [90]), only one measured
more than 50 houses [59] and only one dataset recorded the
electricity consumption of one or more houses for more than
5 years at high sampling rates [43] (see Table 3).
The advent of non-intrusive load monitoring (NILM),
otherwise known as non-intrusive appliance load monitoring
(NIALM) or load demand disaggregation techniques is likely
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to increase privacy concerns due to its ability to disaggregate
composite loads and, hence, identify the activation or deac-
tivation of specific devices in a household whose electricity
load profile has been made publicly available [61]. To combat
such worries, the owners of certain publicly available datasets
have made access to their data contingent on legally binding
agreements which expressly forbid their usage for NIML
analysis.
The extend to which models are affected from these pri-
vacy issues depends mainly on their structure and sampling
rate. Bottom-up models, especially those with high sampling
rates, depend strongly on the load profiles of individual
appliances and their usage over time. Therefore, they are
more strongly affected as it is quite challenging to, both,
convince people to agree to join measurement campaigns
and to prevent them from withdrawing. Furthermore, every
time a new model is created, they need to expend time and
money to buy and install the necessary equipment, as well as
to convince individuals to join. This time and money would
be better spent focusing on building their models or answer-
ing scientific/engineering questions. This would have been
possible had more and better quality datasets been publicly
available. Top-down models, on the other hand, especially
those with high sampling rates, are affected by the relative
lack of publicly available datasets with: (a) a measurement
period longer than 1 year, (b) a high sampling rate and (c) a
large number of measured houses (above 100). This relative
lack of suitable datasets stems from the fact that it is currently
very difficult to convince large numbers of people to agree to
the monitoring and collection of the electricity load profiles
of their houses for long periods of time.
D. SPATIAL RESOLUTION OF THE DATASETS
Another challenge the researchers face is the lack of spatial
resolution information in the publicly available datasets. Due
to the above mentioned privacy concerns, none of the pub-
licly available datasets include information about the spatial
distribution of the participating houses. The non-publicly
available datasets could also lack any spatial information,
however, since it has not been possible to access them, this
is not a statement that can be made with any certainty. As
a result, the effects of the different spatial distributions of
households on the aggregated residential load profile are not
known and have not been studied.
E. SAMPLING RATE OF THE DATASETS
The sampling rate of the existing publicly available datasets
poses a different set of challenges. The majority of these
datasets can be used to create models with a sampling rate
of an order similar to or lower than that of the dataset
used. Unfortunately, datasets with a resolution higher than
1 minute and possibly 1 second will be needed to address
the challenges of demand side management and smart homes
that the switch to renewable energy sources and the increased
use of electronic devices, electro-mobility, social conditions
and self-generation and consumption will bring. This is made
clear by studying Figure 8, where it is evident that the
residential load profile changes every minute/second rather
than every fifteen minutes or one hour due to the usage of
multiple electrical devices, from ovens to smartphones. The
adoption of an ever-increasing number of electricity powered
devices such as tablets, gaming-consoles and electric cars as
well as the switch to electricity-powered interior heating and
working (even part time) from home will only intensify these
trends. A more thorough discussion on the subject can be
found in [90].
F. DATA GAPS AND MEASUREMENT ERRORS
A sixth challenge is the data gaps and measurement errors
contained in the recorded datasets. The data gaps are usually
caused by equipment failures and/or power outages, while
measurement errors can appear due to a variety of reasons,
which will not be discussed here. To remove them, post-
processing needs to be applied, a task that is usually very time
consuming. As a result, most datasets are offered without
any post-processing (e.g., [11], [72]). Datasets that have not
been post-processed force the researchers to do the post-
processing themselves without having any clear knowledge
of the reasons for the data gaps or whether a strong deviation
from the measurements was caused by a measurement error,
an equipment failure or by an actual electricity consumption
event. This reduces the volume of data available and compli-
cates the process of model building.
G. LACK OF SECOND/VACATION MEASURED
DATASETS
Another issue that should be addressed is the existence of
second/vacation homes, whose electricity consumption pat-
terns are distinctly different from those of primary homes.
Primary residencies are characterised by high electricity con-
sumption during the winter and low electricity consumption
during the summer, as can be seen in Figure 9.
FIGURE 9: The H0 SLP yearly profile.. The electricity
consumption is higher in the winter and lower in the summer.
The spikes depict the weekend electricity consumption while
the troughs depict the electricity consumption during the
week. In the H0 SLP, the weekend electricity consumption is
always higher than the weekly electricity consumption. The
dataset spans the time period between 01.01.2017 at 00:15
and 01.01.2018 at 00:00 [12].
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Depending on their usage, vacation residences are charac-
terised by low or no electricity consumption in the winter
and high electricity consumption in the summer with a
possible increased electricity consumption also during other
holiday times (when the residents vacation in the house
and consume electricity). Secondary homes can either have
high electricity consumption during the holidays, when the
families or individuals spend their holidays there, or they
can have normal electricity consumption during the week
but low or no electricity consumption during the weekend
if they belong to people who work in a different city than
their partners and/or children and visit them every weekend.
Secondary/vacation homes might also have a different set
of appliances compared to the primary homes and they might
be used at different intervals than the ones used in pri-
mary homes. This would cause their electricity consumption
characteristics to diverge even more. This is important as a
significant number of vacation/secondary houses are located
in touristic regions and/or small villages (where mini- and
micro-grids are more likely to be installed). As a result,
their electricity consumption patterns will not conform with
those of the H0 SLP which will make maintaining the sta-
bility of these grids more challenging. They will also not
conform with any of the above presented residential load
profile models. These houses are rarely mentioned in the
literature and are even more rarely studied (there is only
one publication regarding this subject and it does not study
the electricity consumption itself but rather its yearly values
[4]). As expected, there are no publicly available datasets of
second/vacation home electricity consumption profiles.
H. LOW NUMBER OF RECORDED DATASETS PER
COUNTRY
Lastly, the electricity consumption patterns and statistical
characteristics of houses located in different countries can
vary strongly due to differences in GDP, different lifestyles,
different device availability/characteristics, length of day and
climate. This is especially true for households located in
different continents and latitudes, such as the USA, Germany
and India.
The countries where the publicly available datasets were
measured can be seen in Table 3 and in Figure 10. As can
be seen, the majority of the countries have produced no more
than two publicly available datasets, except for the UK, the
USA, Canada and Germany. Because even countries in the
same continent (such as Germany, UK and Portugal) can have
different consumption patterns if they are far enough from
one another or have different enough life-styles, they cannot
be used to model the same household. This results in a large
reduction of the datasets available to model the electricity
consumption profile of a household in a specific country.
VII. DISCUSSION
The majority of the challenges presented in Section VI can
be solved by increasing the number of publicly available
FIGURE 10: Datasets per country distribution. Distribu-
tion of the countries where the publicly available datasets
were recorded. The UK and the USA have the most, closely
followed by Canada and Germany. The rest have two or less
datasets, with most having only one.
high sampling rate datasets. In order to achieve this, the
number of high sampling rate measurement campaigns must
increase and the collected datasets must be made available
for further research. For this to be achieved, more funding
needs to be made available for such campaigns and, more
importantly, the privacy concerns of the citizens of each
country must be addressed in order to increase the number
of residents willing to participate in such studies and reduce
the number of residents withdrawing from a study after they
have participated in it for some time.
The number of measurement campaigns can increase
through governments supporting and funding a higher num-
ber of such studies. The privacy concerns of the citizens
can be addressed by ensuring that the data measured are
anonymised before any human has access to it, through the
deployment of an automated system, which will remove all
identifying information and delete the original data at the end
of the anonimisation process.
Unfortunately, this means that the latitude and longitude
coordinates of the participating houses must be removed
during the anonimisation process and no publicly available
datasets can ever contain the spatial coordinates of the partic-
ipating households. As a result, the only way to solve the lack
of spatial information issue, would be to have the datasets
clustered per city district, which might not provide enough
data for researchers who want to investigate how the layout
and design of low-voltage residential networks and mini-
/micro-grids would affect the load profile of a residential
neighbourhood.
Another possible solution is the use of a crowd-sourcing
approach through the creation of a web portal where resi-
dential consumers would be able to self-upload their smart-
meter-measured electricity consumption time series. In or-
der to ensure their privacy and alleviate any concerns, the
submitted datasets would need to be anonymised through an
automated system like the one described above. They would
then be made available to researchers. Such an approach
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could be supported by national governments through en-
couraging/financing the installation of high resolution smart
meters in households. Furthermore, in order to protect their
privacy, provide residents with the option to share their data
and prevent privacy corporate malpractices of the type that
Facebook, Google, Apple and other internet companies have
committed in the past couple of years, the smart meters
should give residents complete access to their raw consump-
tion time series but only provide a 15 minute sampling rate
time series to the electricity providers for billing purposes.
Such an approach would promote research and, at the same
time, alleviate any privacy concerns the residents might have.
A step in this direction was made by the UCL Energy In-
stitute, which announced the creation of a "secure, consistent
and trusted channel for researchers to access high-resolution
energy data" [1]. The data will be collected from households
who explicitly consented to have their data collected for
research purposes and will be anonymised using "established
’5 Safes’ protocols" [1]. The database will contain the resi-
dential load profiles of potentially thousands of anonymised
UK houses and will be continuously populated with new
data every year. Most importantly, it will only be accessible
to accredited UK or UK-affiliated researchers and, through
them, accredited researchers who collaborate with them.
Another, albeit highly imperfect, solution in the absence
of measured residential load datasets is the use of synthetic
residential load profiles. At the moment, there are only two
such publicly available datasets. The first dataset can be
generated through the freely available software that Dr. Noah
Daniel Pflugrad created [44]. The major drawback of this
software is its sampling rate which ranges from 1 to 6 hours
and is, therefore, ill-suited for high resolution residential
load profile modelling. The second data set was created by
Tjaden et al. (2015) [50]. It has a sampling rate of 1 s and is
publicly available. As can be seen, there are too few publicly
available synthetic datasets, which makes it a problematic
solution. There are, however, many publications describing
methods which can be used to generate them. Unfortunately,
the source code which these publications were based on
is also not publicly available. A possible solution to this
problem would be making all (past and future) codes publicly
available where possible. This would increase the ability of
researchers to generate synthetic data sets and, by making
these datasets publicly available, will increase the number of
publicly available synthetic data sets.
To address the lack of data on secondary/vacation homes,
the best solution is for governments and research institutes
to organise and fund measurement campaigns which focus
specifically on theses types of houses. The same applies for
the low number of publicly available datasets for any single
country.
Lastly, going forward, any residential electricity load pro-
file dataset used to create a residential electricity load pro-
file model should (after the proper anonymisation has been
applied) be made publicly available and be licensed under
a Copyleft licence [76]. This will make it possible for a) the
results presented in the publication to be verified/replicated to
ensure they can withstand scientific scrutiny and b) for new
research on the same data to be performed.
VIII. CONCLUSIONS
The rise of electromobility, the surge in ownership of electric-
ity powered devices together with the rise in the Earth’s pop-
ulation, the advent of work-from-home and the expansion of
self-generation and consumption will change the residential
load profile in the coming years and decades. In order to be
able to understand and forecast these changes, we must first
have a solid understanding of the state-of-the-art residential
electricity load profile and its modelling. This understanding
is unfortunately sorely missing, as this review has shown. An
extensive literature research, which assessed the current state
of residential load profile modelling, managed to identify
only thirty two residential electricity load profile models.
At the beginning of the review, a universal definition of the
residential load profile model is constructed and the criteria
that it must fulfil are presented. Because no single search
engine contained all the publications, both Google scholar
and the Web of Knowledge are used. After filtering for
unrelated disciplines, conformation to the above mentioned
definition and duplicates, the number of relevant studies is
reduced to thirty two, a very small number when compared
with, e.g., energy consumption models (that do not differen-
tiate between electricity and fossil-fuel energy consumption)
which, according to Swan et al. [49], numbered 252 in 2009.
Up to this point, residential electricity models were only
divided into two broad categories: bottom-up and top-down
models. When the main features of all thirty two models are
considered, it becomes clear that a much more nuanced cat-
egorisation is necessary. In this review, a new categorisation
system is proposed based on the identification of the main
features of the thirty two studies. The models can be divided
into four main categories based on the a) methods used in
the model, b) the sampling rate of the model, c) the intended
application of the model and d) the statistical techniques used
in the model. Each category can then be subdivided into three
to four subcategories, depending on the forms that the model
features can take.
Future residential load profile models can be used to
research and facilitate the operation of energy neutral Smart
Houses or help reduce their electricity consumption and/or
energy bills through demand side management and load shift-
ing. They can also research and help maintain the stability
of mini- and micro-grids through load shifting or demand
forecasting of the small groups of houses, neighbourhoods or
small villages belonging to these grids. They can also be used
as part of a larger mini- or micro-grid model or a city-wide
grid model to maintain the grid’s stability and help identify
the best technologies that can be used to that end by providing
accurate residential electricity load profiles. Lastly, they can
be used to study how the addition of new devices, vehicles,
work-from-home, building technologies and standards will
affect the residential electricity load profile and create short
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and long term forecasts.
Researchers who attempt to build residential load profile
models face multiple challenges, the most important of which
are: a) the unsuitability of the BDEW SLP, b) the non-public
nature of the model source code, c) the spatial resolution of
the recorded datasets, d) the sampling rate of the recorded
datasets, e) the presence of data gaps and measurement
errors in the datasets, f) the lack of second/vacation recorded
datasets, g) the low number of recorded datasets per country
and h) the most important of all and the root of most of the
previously mentioned challenges, the privacy concerns of the
individuals who are approached to participate or are already
participating in measurements campaigns.
The majority of the previous challenges could be easily
rectified if the participants and/or the individuals asked by
researchers to join such campaigns were not concerned that
the collected data could be used to identify when individual
devices were turned On/Off in the household. These concerns
could be easily rectified by automating the anonymisation
process, thereby ensuring that no human would come in
contact with the recorded datasets before all spatial and
identifying information are removed. Erasing the raw data at
the end of the anonimisation process would further allay any
concerns that the participants or potential participants might
have and potentially increase the number of participating
houses in the process.
It is, therefore, imperative that governments and research
institutes create mechanisms that ensure the anonimisation
of the data recorded during measurement campaigns and
provide the funding necessary to do so. Another possibility
would be to encourage the public to install smart meters
with high sampling rates in their houses, while ensuring the
privacy of the participants by giving them access to their data,
restricting the access of the electricity providers to the raw
data and allowing the participants to share only as much data
as they are comfortable with. They could further encourage
a crowd-funding approach where individuals would be able
to upload their own electricity consumption datasets on a
web portal, where after all identifying information has been
stripped from the datasets, they could be made available to
researchers. A step in this direction has already been made
by the UCL Energy Institute in the UK through the Smart
Energy Research Lab project.
ACKNOWLEDGMENT
This work was carried out as part of the BMWi-funded
DYNAMOS Project ("Dynamik systemischer Effekte durch
die Einspeisung erneuerbarer Energien: Hochfrequente Fluk-
tuationen und deren Auswirkung auf den Abrufmark-
torientierter Systemdienstleistungen"). The author would
like to thank the BMWi-funded NOVAREF project ("Er-
stellung neuer Refernzlastprofile zur Auslegung, Dimen-
sionierung und Wirtschaftlichkeitsberechnung von Hausen-
ergieversorgungsystemen") for making the anonymised res-
idential electricity consumption data collected in the course
of the project available to us. The author would further like
to thank the BDEW for providing access to the BDEW SLP
data.
REFERENCES
[1] Smart energy research lab (serl). https://www.ucl.ac.uk/bartlett/energy/
research/project-directory/smart-energy-research-lab-serl, Accessed:
08.05.2019.
[2] A. Schuster and A.Einfalt and C. Leitinger and D. Tiefgraber and M.
Litzlbauer and S. Ghaemi and D. W. A. Frohner and C. Karner, Energie
der Zukunft publizierbarer Endbericht, Adres-Concept, Technical report,
Technische Universität Wien, Karlsplatz 13, 1040 Wien, Austria, 2012
[3] E. B. Alzate and N. H Mallick and J. Xie, "A high-resolution smart home
power demand model and future impact on load profile in Germany", 2014
IEEE International Conference on Power and Energy (PECon), pages 53–
58, 12 2014.
[4] F. M. Andersen and M. S. Christensen and O. M. Jensen and N.-U. Kofoed
and P. E. Morthorst, Second-home electricity consumption, Energy Policy,
36(1):280 – 289, 2008.
[5] E. McKenna and M Thomson, "High-resolution stochastic integrated
thermal-electrical domestic demand model", Applied Energy, 165:445,
http://dx.doi.org/10.1016/j.apenergy.2015.12.089, 2016
[6] O. Ardakanian and S. Keshav and C. Rosenberg, "Markovian models for
home electricity consumption", GreenNets ’11, 2011.
[7] M. M. Armstrong and M. C. Swinton and H. Ribberink and I. Beausoleil-
Morrison and J. Millette, "Synthetically derived profiles for representing
occupant-driven electric loads in canadian housing", Journal of Building
Performance Simulation, 2(1):15–30, 2009.
[8] J. Bajada and M. Fox and D. Long, "Load modelling and simulation
of household electricity consumption for the evaluation of demand-side
management strategies", IEEE PES ISGT Europe 2013, pp. 1–5, 10 2013.
[9] S. Barker and A. Mishra and D. Irwin and E. Cecchet and P. Shenoy and
J. Albrecht, "Smart*: An open data set and tools for enabling research in
sustainable homes, 8-12.
[10] R. Bartels and D. G. Fiebig and M. Garben and R. Lumsdaine, "An end-
use electricity load simulation model: Delmod", Utilities Policy, 2(1):71 –
82, 1992.
[11] N. Batra and M. Gulati and A. Singh and M. B. Srivastava, "It’s different:
Insights into home energy consumption in India", Proceedings of the 5th
ACM Workshop on Embedded Systems For Energy-Efficient Buildings,
BuildSys’13, pages 3:1–3:8, New York, NY, USA, 2013. ACM.
[12] R. Bitterer and Prof. Dr. habil. B. Schieferdecker, "Repräsentative VDEW-
Lastprofile Aktionsplan Wettbewerb, M-32/99", Technical report, VDEW,
Stresemannallee 23 D-60596 Frankfurt /M, 2001.
[13] C. Bucher and Hofmann Ag and G. Andersson, "Generation of domestic
load profiles - an adaptive top-down approach", Proceedings of PMAPS
2012, 2012.
[14] A. Capasso and W. Grattieri and R. Lamedica and A. Prudenzi, "A bottom-
up approach to residential load modeling", IEEE Transactions on Power
Systems, 9(2):957–964, 5 1994.
[15] B. Christian and W. Kleiminger and R. Cicchetti and T. Staake and S.
Santini, "The ECO data set and the performance of non-intrusive load
monitoring algorithms", Proceedings of the 1st ACM Conference on
Embedded Systems for Energy-Efficient Buildings, BuildSys ’14, pages
80–89, New York, NY, USA, 2014. ACM.
[16] A. J. Collin and G. Tsagarakis amd A. E. Kiprakis, and S. McLaughlin,
"Development of low-voltage load models for the residential load sector",
IEEE Transactions on Power Systems, 29(5):2180–2188, 3 2014.
[17] J. Dickert and P. Schegner, "Residential load models for network planning
purposes", 2010 Modern Electric Power Systems, pages 1–6, 9 2011.
[18] E-Control, Sonstige marktregelnstrom kapitel 6 Zählwerte, Datenformate
und Dtandardisierte Lastprofile, Technical report, Energie-Control Austria
für die Regulierung der Elektrizitäts- und Erdgaswirtschaft, Rudolfspl.
13A, 1010 Wien, Austria, 2019.
[19] D. Fischer and A. Härtl and B. Wille-Haussmann, "Model for electric load
profiles with high time resolution for german households", Energy and
Buildings, 92:170 – 179, 2015.
[20] Y. Ge and C. Zhou and D. M. Hepburn, "Domestic electricity load
modelling by multiple gaussian functions", Energy and Buildings, 126:455
– 462, 2016.
[21] EAM-Netz GmbH, Standardlastprofilverfahren, https://www.
eam-netz.de/fuer-partner/netzzugang-und-netznutzung/strom/
standardlastprofilverfahren/, 2019.
VOLUME 4, 2016 23
This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2021.3050074, IEEE Access
Author et al.: Preparation of Papers for IEEE TRANSACTIONS and JOURNALS
[22] S. Gottwalt and W. Ketter and C. Block and J. Collins and C. Weinhardt,
"Demand side management—a simulation of household behavior under
variable prices", Energy Policy, 39(12):8163 – 8174, 2011. Clean Cooking
Fuels and Technologies in Developing Economies.
[23] A. Grandjean and J. Adnot and G. Binet, "A review and an analysis of the
residential electric load curve models", Renewable and Sustainable Energy
Reviews, 16(9):6539 – 6565, 2012.
[24] J. K. Gruber and M. Prodanovic, "Residential energy load profile genera-
tion using a probabilistic approach", 2012 Sixth UKSim/AMSS European
Symposium on Computer Modeling and Simulation, pages 317–322, 11
2012.
[25] G. Hebrail and A. Berard, "Individual household electric power consump-
tion data set", UCI machine learning repository, bit.ly/1byLbr0, 2012.
[26] M. Muratori, "Impact of uncoordinated plug-in electric vehicle charging
on residential power demand", Naure Energy, 3, 3, pages 193–201, 2018.
[27] B. J. Johnson and M. R. Starke and O. A. Abdelaziz and R. K. Jackson
and L. M. Tolbert, "A matlab based occupant driven dynamic model for
predicting residential power demand", 2014 IEEE PES T&D Conference
and Exposition, pages 1–5, 4, 2014.
[28] M. Kahl and A. Haq and T. Kriechbaumer and H.-A. Jacobsen, "Whited-a
worldwide household and industry transient energy data set", Proceedings
of the 3rd International Workshop on Non-Intrusive Load Monitoring, 5
2016.
[29] A. Kavousian and R. Rajagopal and M. Fischer, "Determinants of resi-
dential electricity consumption: Using smart meter data to examine the
effect of climate, building characteristics, appliance stock, and occupants’
behavior", Energy, 55:184 – 194, 2013.
[30] J. Kelly and W. Knottenbelt, "The UK-DALE dataset, domestic appliance-
level electricity demand and whole-house demand from five UK homes",
Scientific Data, 2, 10.1038/sdata.2015.7., 2015.
[31] J. Z. Kolter and M. J. Johnson. "REDD: A public data set for energy
disaggregation research", Proceedings of the SustKDD workshop on Data
Mining Applications in Sustainability, 8 2014.
[32] W. Labeeuw and G. Deconinck, "Residential electrical load model based
on mixture model clustering and markov models", IEEE Transactions on
Industrial Informatics, 9(3):1561–1569, 8, 2013.
[33] M. Lange and M. Zobel, "Schlussbericht zum vorhaben: Erstel-
lung neuer referenzlastprofile zur auslegung, dimensionierung und
wirtschaftlichkeitsberechnung von hausenergieversorgungssystemen mit
dem akronym novaref : im rahmen der fördermaßnahme: Transfer von
forschungs- und entwicklungsergebnissen (fuer) durch normung und stan-
dardisierung", Technical report, DLR Institute for Networked Energy
Systems, Carl-von-Ossietzky-Straße 15, 26129 Oldenburg, 2017.
[34] S. Makonin and B. Ellert and I. V. Bajic and Fred Popowich, "Electricity,
water, and natural gas consumption of a residential house in Canada from
2012 to 2014", Scientific Data, 3(160037):1–12, 2016.
[35] A. Marszal-Pomianowska and P. Heiselberg and O. K. Larsen, "Household
electricity demand profiles – a high-resolution load model to facilitate
modelling of energy flexible buildings", Energy, 103:487 – 501, 2016.
[36] E. McKenna and M. Thomson and J. Barton, "Crest demand model", 2
2019.
[37] F. McLoughlin and A. Duffy and M. Conlon, "The generation of domestic
electricity load profiles through Markov chain modelling", Euro-Asian
Journal of Sustainable Energy Development Policy, 3, 2010.
[38] A. Monacchi and D. Egarter and W. Elmenreich and S. D’Alessandro and
A. M. Tonello, "Greend: An energy consumption dataset of households
in Italy and Austria", 2014 IEEE International Conference on Smart Grid
Communications (SmartGridComm), Venice, pages 511–516, 2014.
[39] M. Muratori and M. C. Roberts and R. Sioshansi and V. Marano and G.
Rizzoni, "A highly resolved modeling technique to simulate residential
power demand", Applied Energy, 107:465 – 473, 2013.
[40] D. Murray and L. Stankovic, "REFIT: Electrical load measurements",
2015.
[41] O. Neu and B. Sherlock and S. Oxizidis and D. Flynn and D. Finn,
"Developing building archetypes for electrical load shifting assessment:
Analysis of irish residential stock", 2014.
[42] J. Ortiz and F. Guarino and J. Salom and C. Corchero and M. Cellura,
"Stochastic model for electrical loads in mediterranean residential build-
ings: Validation and applications", Energy and Buildings, 80:23 – 36,
2014.
[43] L. Pereira and F. Quintal and R. Gonçalves and N. J. Nunes, "Sustdata:
A public dataset for ict4s electric energy research", ICT for Sustainability
2014 (ICT4S-14), Atlantis Press, 8, 2014.
[44] N. Pflugradt, "Modellierung von Wasser und Energieverbräuchen in
Haushalten", PhD thesis, Technische Universität Chemnitz, Chem-
nitz, Str. der, Nationen 62, 09111 Chemnitz, 8 2016, http://nbn-
resolving.de/urn:nbn:de:bsz:ch1-qucosa-209036.
[45] Z. Ren and P. Paevere and C. McNamara, "A local-community-level,
physically-based model of end-use energy consumption by australian
housing stock", Energy Policy, 49:586 – 596, 2012, Special Section: Fuel
Poverty Comes of Age: Commemorating 21 Years of Research and Policy.
[46] I. Richardson and M. Thomson and D. Infield and C. Clifford, "Domestic
electricity use: A high-resolution energy demand model", Energy and
Buildings, 42(10):1878 – 1887, 2010.
[47] S. Shao and M.Pipattanasomporn and S. Rahman, "Development of
physical-based demand response-enabled residential load models", IEEE
Transactions on Power Systems, 28(2):607–614, 5 2013.
[48] M. Stokes, "Removing barriers to embedded generation: a fine-grained
load model to support low voltage network performance analysis", De
Montfort University, Leicester, England, 1993.
[49] L. G. Swan and V. I. Ugursal, "Modeling of end-use energy consumption
in the residential sector: A review of modeling techniques", Renewable
and Sustainable Energy Reviews, 13(8):1819 – 1835, 2009.
[50] T. Tjaden and J. Bergner and J. Weniger and V. Quaschning, "Repre-
sentative electrical load profiles of residential buildings in germany with
a temporal resolution of one second", Technical report, Hochschule für
Technik und Wirtschaft Berlin, Department of Engineering I, 12 2015.
[51] A. S.N. Uttama Nambi, A. Reyes Lua, V. R. Prasad, "LocED: Location-
aware Energy Disaggregation Framework", In Proceedings of the 2Nd
ACM International Conference on Embedded Systems for Energy-
Efficient Built Environments, BuildSys ’15, pages 45–54, New York, NY,
USA, 2015. ACM.
[52] J. V. Paatero and P. D. Lund, "A model for generating household electricity
load profiles", International Journal of Energy Research, 30(5):273–290,
2006.
[53] J. Widén and M. Lundh and I. Vassileva and E. Dahlquist and K. Ellegård
and E. Wäckelgård, "Constructing load profiles for household electricity
and hot water from time-use data—modelling approach and validation",
Energy and Buildings, 41(7):753 – 768, 2009.
[54] R. Yao and K. Steemers, "A method of formulating energy load profile for
domestic buildings in the UK", Energy and Buildings, 37(6):663 – 671,
2005.
[55] B. Gao and X. Liu and Zh. Zhu, "A Bottom-Up Model for Household
Load Profile Based on the Consumption Behavior of Residents", Energies,
11(8):2112, 2018
[56] C. F. Walker and J. L. Pokoski, "Residential Load Shape Modelling Based
on Customer Behavior", IEEE Transactions on Power Apparatus and
Systems, PAS-104(7), 1703-1711, 1985
[57] K. Train and J. Herriges and R. Windle, "Statistically adjusted engineering
(SAE) models of end-use load curves", Energy, 10(10), 1103-1111, 1985
[58] C. Shin and E. Lee and J. Han and J. Yim and W. Rhee and H.
Lee, "The ENERTALK Dataset, 15 Hz Electricity Consumption Data
from 22 Houses in Korea", figshare, https://doi.org/10.6084/m9.figshare.
c.4502780, 2019
[59] N. Goddard and J. Kilgour and M. Pullinger and D.K. Arvind and H.
Lovell and J. Moore and D. Shipworth and C. Sutton and J. Webb
and N. Berliner and C. Brewitt and M. Dzikovska and E. Farrow and
E. Farrow and J. Mann and E. Morgan and L. Webb and M. Zhong,
"IDEAL Household Energy Dataset, 2016-2018 [dataset]", University of
Edinburgh, School of Informatics, 2020
[60] K. Anderson and A. Ocneanu and Derrick R. Carlson and A. Rowe and
M. Bergés, "BLUED : A Fully Labeled Public Dataset for Event-Based
Non-Intrusive Load Monitoring Research", 2012.
[61] A. Reinhardt and P. Baumann and D. Burgstahler and M. Hollick and H.
Chonov and M. Werner and R. Steinmetz, "On the Accuracy of Appliance
Identification Based on Distributed Load Metering Data", Proceedings of
the 2nd IFIP Conference on SustainableInternet and ICT for Sustainability
(SustainIT), October, 2012
[62] IEE PES-ISS Open Datasets, https://site.ieee.org/pes-iss/data-sets/, 2020.
[63] The tracebase data set, https://github.com/areinhardt/tracebase, 2020.
[64] S. Makonin and Z. J. Wang and C. Tumpach, "RAE: The Rainforest
Automation Energy Dataset", https://dataverse.harvard.edu/dataset.xhtml?
persistentId=doi:10.7910/DVN/ZJW4LC, 2020.
[65] AECOM Building Engineering, Energy Demand Research Project: Early
Smart Meter Trials, 2007-2010. [data collection]. UK Data Service. SN:
7591, http://doi.org/10.5255/UKDA-SN-7591-1, 2018
24 VOLUME 4, 2016
This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2021.3050074, IEEE Access
Author et al.: Preparation of Papers for IEEE TRANSACTIONS and JOURNALS
[66] S. Tindemans and G. Strbac and J.R. Schofield and M. Woolf, Carmichael,
R., Bilton, M. (2016). Low Carbon London Project: Data from the Dy-
namic Time-of-Use Electricity Pricing Trial, 2013. [data collection]. UK
Data Service. SN: 7857, http://doi.org/10.5255/UKDA-SN-7857-2
[67] J. Gao and S. Giri and E. Can Kara and M. Bergés, Proceedings of the 1st
ACM Conference on Embedded Systems for Energy-Efficient Buildings,
pages 198-199, https://doi.org/10.1145/2674061.2675032, 2014
[68] AUSGRID Solar home electricity data, https://www.ausgrid.com.au/
Industry/Our-Research/Data-to-share/Solar-home-electricity-data, 2011
[69] N. Saldanha and I. Beausoleil-Morrison. "Measured end-use electric load
profiles for 12 Canadian houses at high temporal resolution", Energy
and Buildings, pages 519-530, 2012, https://carleton.ca/sbes/publications/
electric-demand-profiles-downloadable/
[70] G. Johnson and I. Beausoleil-Morrison. "Electrical-end-use data from
23 houses sampled each minute for simulating micro-generation sys-
tems", Applied Thermal Engineering, 114, pages 1449-1456, 2017, https:
//carleton.ca/sbes/publications/electric-demand-profiles-downloadable/
[71] "Smart Energy Research Lab Exploratory Data", Ministry of Housing,
Communities and Local Government, Royal Mail Group Limited, Eu-
ropean Centre for Medium-Range Weather Forecasts, UK Data Service,
2020, SN: 8643, http://doi.org/10.5255/UKDA-SN-8643-2
[72] "Praxistest moderne energiesparsysteme im haushalt", IZESg GmbH Insti-
tute für ZukunftsEnergie-und Stoffstromsysteme, http://www.izes.de/de/
projekte/praxistest-moderne-energiesparsysteme-im-haushalt, 2012.
[73] "CER Smart Metering Project - Electricity Customer Behaviour Trial",
Commission for Energy Regulation (CER) (2012), 2009-2010 [dataset],
1st Edition, Irish Social Science Data Archive, SN: 0012-00, http://www.
ucd.ie/issda/CER-electricity
[74] "Commercial and Residential Hourly Load Profiles for all TMY3 Lo-
cations in the United States", Accessed: 2019-10-07, https://openei.org/
datasets/files/961/pub/ARCHIVE/
[75] S. Makonin. "HUE: The Hourly Usage of Energy Dataset for Build-
ings in British Columbia", Data in Brief, vol. 23, no. 103744, pp. 1-4,
https://doi.org/10.1016/j.dib.2019.103744, http://www.sciencedirect.com/
science/article/pii/S2352340919300939, 2019
[76] Copyleft https://www.copyleft.org/, 2020.
[77] R. H. Lasseter, "MicroGrids", 2002 IEEE Power Engineering Society
Winter Meeting. Conference Proceedings (Cat. No.02CH37309), 1, 305-
308, https://doi.org/10.1109/PESW.2002.985003, 2002
[78] D. E. Olivares and A. Mehrizi-Sani and A. H. Etemadi and C. A. Cañizares
and R. Iravani and M. Kazerani and A. H. Hajimiragha and O. Gomis-
Bellmunt and M. Saeedifard and R. Palma-Behnke and G. A. Jiménez-
Estévez and N. D. Hatziargyriou, "Trends in Microgrid Control", IEEE
Transactions on Smart Grid, 5, 1905-1919, 2014
[79] F. Katiraei and R. Iravani and N. Hatziargyriou and A. Dimeas, "Mi-
crogrids management", IEEE Power and Energy Magazine, 6, 3, 54-65,
https://doi.org/10.1109/MPE.2008.918702, 2008
[80] E. Sortomme and S. S. Venkata and J. Mitra, "Microgrid Protection Using
Communication-Assisted Digital Relays", IEEE Transactions on Power
Delivery, 25, 4, 2789-2796, 2010
[81] M. Farrokhabadi and C. A. Cañizares and K. Bhattacharya, "Frequency
Control in Isolated/Islanded Microgrids Through Voltage Regulation",
IEEE Transactions on Smart Grid, 8, 3, 1185-1194, https://doi.org/10.
1109/TSG.2015.2479576, 2017
[82] G. Delille and B. Francois and G. Malarange, "Dynamic Frequency
Control Support by Energy Storage to Reduce the Impact of Wind and
Solar Generation on Isolated Power System’s Inertia", IEEE Transactions
on Sustainable Energy, 3, 4, 931-939, https://doi.org/10.1109/TSTE.2012.
2205025, 2012
[83] F. Katiraei and M. R. Iravani and P. W. Lehn, "Micro-grid autonomous
operation during and subsequent to islanding process", IEEE Transactions
on Power Delivery, 20, 1, 248-257, 2005
[84] Holcomb, Pecan Street Inc., "A test-bed for NILM", International Work-
shop on Non-Intrusive Load Monitoring, ACM, New York, NY, USA, pp.
3:1–3:8, 2012
[85] C. Gisler and A. Ridi and D. Zufferey and O.A. Khaled and J. Hennebert,
"Appliance consumption signature database and recognition test proto-
cols" 8th International Workshop on Systems, Signal Processing and their
Applications (WoSSPA), Algiers, 2013, 336-341, https://doi.org/10.1109/
WoSSPA.2013.6602387, 2013
[86] J. Gao and S. Giri and E.C. Kara and M.P.L.A.I.D. Bergés, "A public
dataset of high-resolution electrical appliance measurements for load
identification research: demo abstract", Proceedings of the 1st ACM Con-
ference on Embedded Systems for Energy-Efficient Buildings. BuildSys
’14, ACM, New York, NY, USA, 198–199, https://dl.acm.org/doi/10.1145/
2674061.2675032, 2014
[87] T. Picon and M. N. Meziane and P. Ravier and G. Lamarque and C. Novello
and J.-C. Le Bunetel and Y. Raingeaud, "COOLL: controlled on/off
loads library, a public dataset of high-sampled electrical signals for appli-
ance identification", https://arxiv.org/abs/1611.05803, https://coolldataset.
github.io/, 2016
[88] A. Ridi and C. Gisler and J. H, "ACS-F2 – A New Database of Appli-
ance Consumption Signatures", 2014 6th International Conference of Soft
Computing and Pattern Recognition (SoCPaR), Tunis, pp. 145-150, doi:
10.1109/SOCPAR.2014.7007996, 2014
[89] R. Bitterer and B. Schieferdecker, "Repräsentative VDEW-Lastprofile Ak-
tionsplan Wettbewerb, M-32/99", VDEW, Stresemannallee 23 D-60596
Frankfurt /M, 2001
[90] M. Anvari and E. Proedrou and B. Schaefer and C. Beck and H. Kantz and
M. Timme, "Data-Driven Load Profiles and the Dynamics of Residential
Electric Power Consumption", https://arxiv.org/abs/2009.09287, 2020
[91] F. Issi and O. Kaplan, "The Determination of Load Profiles and Power
Consumptions of Home Appliances", Energies, 11, 3, 607, https://www.
mdpi.com/1996-1073/11/3/607, 10.3390/en11030607, 2018
[92] M. Tuomisto. "Non-intrusive Appliance Load Monitoring (NIALM) Sys-
tem with the Possibility for Users to Follow the Consumption of Individual
Electricity Appliances from the Calendar", International Journal of Energy
and Power Engineering, 5, 3, 129-132, 10.11648/j.ijepe.20160503.16,
2016
[93] J. M. Burgett, "Fixing the American energy leak: The effectiveness of
a whole-house switch for reducing standby power loss in U.S. resi-
dences", Energy Research & Social Science, 6, 87 - 94, https://doi.org/
10.1016/j.erss.2014.12.006, http://www.sciencedirect.com/science/article/
pii/S2214629614001406, 2015
ELISAVET PROEDROU received her B.S de-
gree in Physics from the Aristotle University
of Thessaloniki, Thessaloniki, Greece in 2009,
her M.Sc in Astrophysics from the University of
Bonn, Bonn, Germany in 2011 and her Ph.D. de-
gree in Atmospheric Physics from the University
of Bern, Bern, Switzerland in 2016. Since 2017,
she has been working for the DLR Institute for
Networked Energy Systems as a project manager
and researcher. Her research interests include resi-
dential demand side management and load forecasting, low and zero energy
buildings, residential applications of solar panels, energy efficiency, residen-
tial energy saving technologies and the residential technical regulations and
quality standards.
VOLUME 4, 2016 25
